This study investigates the effectiveness of the liquidity-adjusted capital asset pricing model proposed by Acharya and Pedersen (2005). Using Japanese data, we compute multiple liquidity measures and a principal-component-based liquidity proxy to examine whether liquidity risk is priced on the Tokyo Stock Exchange. We find that the size and value effect should be considered together when studying the pricing of liquidity risk. Through our analysis, we suggest using the principal-component-based liquidity proxy or using multiple methods to estimate Japanese stock liquidity. To some extent, liquidity risk is priced on the Tokyo Stock Exchange.
INTRODUCTION
The role of liquidity in asset pricing has grown rapidly over the past few years. A number of theories describe the effect of liquidity on the required returns of capital assets, and these theories predict that both the level of liquidity and the liquidity risk are priced. Many empirical studies have tested these theories and have verified that the effect of liquidity on asset prices is not only statistically significant but also economically important. Analyzing a liquidity-based asset pricing model can help to explain the crosssection of stock returns and, therefore, can aid in understanding the mechanism by which an increase in stock illiquidity results in a reduction in stock prices and an increase in expected stock returns. Thus, liquidity can play an important role in resolving asset pricing problems.
Liquidity, or the degree to which a security can be traded without affecting its price, is hard to estimate in the real world. Prior studies develop liquidity measures based on different aspects of liquidity. For example, Amihud (2002) proposes a liquidity measure estimated using asset returns and trading volumes to capture the daily price response associated with the trading volume. Pastor and Stambaugh (2003) propose the " " measure, that is, an asset's sensitivity to innovations in aggregate liquidity, to estimate the asset's price impact. Datar (1998) uses the turnover ratio as a proxy for liquidity. Liu (2006) defines a standardized turnover-adjusted measure of zero daily trading volume, LMx, to capture liquidity dimensions, especially with respect to trading speed. Lesmond, Ogden, and Trzcinka (1999) propose a measure of marginal trading cost by estimating the incidence of zero returns. Roll (1984) proposes an estimator of effective spread based on the serial covariance of price changes. All of these measures have separate focuses. Specifically, Amihud (2002) and Pastor and Stambaugh (2003) measure the price impact, Datar (1998) considers the trading quantity, Liu (2006) emphasizes the trading speed, Lesmond, Ogden, and Trzcinka (1999) focus on the marginal trading cost, and Roll (1984) estimates the effective spread.
Given the limitations of a single liquidity measure, this study analyzes the pricing of liquidity risk using multiple liquidity measures. The analysis is based on the liquidity-adjusted capital asset pricing model (LCAPM) first proposed by Acharya and Pederson (2005) . However, Acharya and Pederson (2005) only test the LCAPM using a single liquidity measure, that is, the ILLIQ measure proposed by Amihud (2002) . Kim and Lee (2014) estimate the pricing of liquidity in the US stock market using multiple illiquidity measures. They prove that the systematic common component across different illiquidity measures can capture a significant liquidity premium, whereas a single illiquidity measure cannot, based on Korajczyk and Sadka's (2008) finding of the existence of a common liquidity component. However, Kim and Lee's (2014) sample data are only related to the US stock market, and no studies have investigated whether the LCAPM is appropriate for other security markets, such as the Japanese stock market, which is the second-largest financial market in the world. Moreover, no previous studies explicitly discuss which liquidity proxy most effectively reflects the Japanese stock market. Thus, the aim of this study is to test whether the LCAPM is feasible in the Japanese stock market and to select the most appropriate liquidity measure for that market.
This study first investigates the pricing of liquidity risk in the Japanese stock market by applying multiple illiquidity measures to the LCAPM and examining whether the empirical results vary according to the measure used. We find that the size and value effect should be considered together when studying the pricing of liquidity risk because they drastically increase the significance of the liquidity risk and improve the explanatory power of the model. Based on liquidity net risk, referred to as beta 5 in the LCAPM model, we find that liquidity risk is generally priced in the Japanese stock market. Thus, we further investigate the sources of this liquidity risk. However, the results are sensitive to the test assets (Brennan et al., 1998; Berk, 2000) and liquidity measures. Given the significance of the liquidity betas and the explanatory power of the model, we suggest using the measures of Amihud (2002) , Datar (1998) , and Lesmond, Ogden, and Trzcinka (1999) to estimate Japanese stock liquidity.
To further verify this conclusion and obtain a unified result, we apply the principal component analysis (PCA) framework to investigate whether the systematic common liquidity is related to individual security returns. We find that different components measure different aspects of liquidity. Specifically, the principal components that we use are high correlated with the liquidity measures proposed by Datar (1998) , Lesmond, Ogden, and Trzcinka (1999) , and Amihud (2002) . These measures focus on the trading quantity, the trading cost, and the price impact, respectively. Thus, we infer that these three aspects are the most important liquidity dimensions in Japanese stock market.
We also run cross-sectional regressions using the PCA-based liquidity proxy. The results confirm that market capitalization and the book-to-market ratio should be incorporated in the model. Moreover, we find that the traditional trading cost and the liquidity-adjusted market risk have significant effects in all cases. In addition to the traditional illiquidity, the liquidity risks caused by the comovement between the security's price and the market liquidity and that between the security's liquidity and the market return are priced. Furthermore, the explanatory power of the regressions that use the PCA-based liquidity proxy is 1% higher than the highest adjusted R-squared value for the regressions based on single illiquidity measures. The model therefore improves slightly when using principal components rather than a single illiquidity measure.
The contribution of this study is that it verifies the existence of the pricing of liquidity risk beyond the level of illiquidity and the traditional market risk in the Japanese stock market using both six single liquidity measures and a PCA-based liquidity proxy. Our findings suggest that using principal components to study the pricing of liquidity risk is superior to using a single illiquidity measure in terms of the R-squared value for cross-sectional returns and the p-values in the specification tests. However, we also recommend using the measures of Datar (1998) , Lesmond, Ogden, and Trzcinka (1999) , and Amihud (2002) to capture Japanese stock liquidity based on the results of Pearson correlation tests with the principal components and of cross-sectional regressions using those liquidity measures. Moreover, we also infer that the trading quantity, the trading cost, and the price impact are the most important aspects of liquidity in the Japanese stock market in view of the outstanding performance of those related liquidity measures.
The remainder of the paper is organized as follows. Section 2 briefly introduces the LCAPM of Acharya and Pederson (2005) . The data screening and liquidity measures are described in Section 3. Section 4 explains the process of computing liquidity risk factors in the LCAPM. The empirical results of cross-sectional regressions are summarized in Section 5. Section 6 concludes.
LIQUIDITY-ADJUSTED CAPITAL ASSET PRICING MODEL
The capital asset pricing model (CAPM) provides a powerful and intuitive measure of the relationship between the expected return and systematic risk of an asset using the covariance between the asset's return and the market return. However, some empirical studies show that CAPM pricing is weak, probably because it involves numerous theoretical assumptions, such as a frictionless market and homogeneous expectations, and because implementing valid tests of the model is difficult (Fama and French, 2004) . Acharya and Pedersen (2005) consider a more realistic market with illiquidity costs and derive a liquidity-adjusted version of the CAPM by substituting the stock trading-cost-free return in the CAPM with the stock trading-cost-adjusted return. Compared with the standard CAPM, the LCAPM presents a unified theoretical framework that helps explain the effects of different liquidity risks on asset prices, and it fares better than the standard CAPM does in terms of values for cross-sectional returns and p-values in specification tests. The LCAPM is presented as , 1
where is the return of stock , is the risk-free rate, is the market return, is the trading cost of individual stock , is the market trading cost, and is the risk premium. By incorporating the last term on the right-hand side of Equation (1) and rearranging the equation, we can write the LCAPM more simply as:
This expression shows that the security required excess return is equal to the sum of the expected illiquidity cost and four betas multiplied by the risk premium. The LCAPM therefore introduces three additional betas to the standard single CAPM, including the covariance between the asset's illiquidity and the market illiquidity, the covariance between the asset's return and the market liquidity, and the covariance between the asset's illiquidity and the market return.
Empirically, liquidity is time-varying and persistent, which means that it has positive autocorrelation (Chordia et al., 2000; Amihud, 2002; Pastor and Stambaugh, 2003; Acharya and Pedersen, 2005) . The persistence of liquidity provides the foundation for predicting returns. For example, high illiquidity in the current period indicates high illiquidity in the next period, which implies a high required return (Acharya and Pederson, 2005) . Given this persistence, the innovation of illiquidity, , is used to capture liquidity risk in the LCAPM. Under the assumption of constant conditional variances or a constant risk premium , the unconditional LCAPM can be written as
.
Equation (4) implies that the LCAPM captures market risk and three kinds of liquidity risk simultaneously. Specifically, is the adjusted market beta that includes transaction costs in the denominator, and it describes the movement of the security's price relative to that of the market. estimates the liquidity risk due to liquidity commonalities, as defined by Chordia et al. (2000) , Huberman and Halka (1999) , and Hasbrouck and Seppi (2001) . estimates the risk caused by the comovement of the security's price and the market liquidity.
captures the return's effect due to the covariance between the security's illiquidity and the market return. The sign of each beta has an economic meaning. For example, a positive sign of implies that investors require compensation for an illiquid security when the market is illiquid, and a negative sign of means that investors will accept a stock with a lower expected return when the market is liquid but expect a higher return when the market is illiquid. Because investors are willing to accept a lower expected return on a liquid security in a shrinking market, the sign of is expected to be negative. To isolate the effects of liquidity and market risk, Kim and Lee (2014) define the net liquidity beta, , as a linear combination of the three liquidity betas in the LCAPM:
With this definition, the LCAPM becomes
DATA AND LIQUIDITY MEASURES

Data Screening
The data used in this study include the daily returns, daily prices, market capitalizations, book-tomarket ratios, and daily trading volumes of common shares for all firms listed on the Tokyo Stock Exchange first section from January 1983 to December 2016. The primary data source is the NIKKEI NEEDS Database. To be included in the sample, stocks are required to have at least 120 trading days in a year. They are also required to have non-negative market capitalizations and non-negative book-to-price ratios over the sample period. Because several types of events, such as stock splits or stock delistings, can affect illiquidity (Conroy et al., 1990; Goyenko et al., 2005; Kim and Lee, 2014) , we exclude observations in years when splits or delistings occur. Because we investigate the effects of different liquidity measures on the efficiency of the LCAPM, stocks are required to have valid results for all six illiquidity measures, which are introduced in the next section. After this screening process, we have 851 sample stocks in 1983, and the number of sample stocks increases to 1,779 in 2016. In total, our data include 45,097 firm-year observations over the sample period.
Illiquidity Measures
As illustrated by Acharya and Pedersen (2005) , liquidity is not an observable variable. Many proxies for liquidity, such as the bid-ask spread, are based on microstructure data and are not available over a long time horizon. Thus, inspired by Acharya and Pedersen (2005) and Kim and Lee (2014) , we use illiquidity rather than liquidity measures to estimate transaction costs. 1 The first illiquidity measure is that used by Acharya and Pedersen (2005) , that is, the price impact measure developed by Amihud (2002):
where is the daily stock return on day and is the dollar trading volume on day . The intuition for this measure is that it captures the daily price response associated with one dollar of trading volume (Goyenko, Holden, and Trzcinka, 2009) . A stock must have positive trading volume to apply this measure because it is undefined if the dominator is zero. The monthly illiquidity is computed using the stock return and the stock trading volume in the past year.
Another price impact measure used in this study is " ", developed by Pastor and Stambaugh (2003) , which is calculated by running the regression
where is the security's excess return above the market return on day t and is the trading volume in dollars on day .This measure assumes that the greater the expected reversal is for a given dollar volume, the lower the stock's illiquidity is. That is, is expected to be negative in general, and when liquidity is lower, the absolute magnitude of is larger. The implied price impact of this measure is therefore given by the product of and -1:
The third illiquidity measure is the security's turnover, which is proposed by Datar (1998) and is computed as
The advantage of using the turnover rate as a proxy for liquidity is the high data availability, which allows for the examination of liquidity effects across many stocks over a long period of time. We compute the monthly turnover using the previous year of data, and we refer to the turnover ratio as a measurement of the security trading quantity.
If a security's trading costs are higher than its expected trading benefits, investors will choose not to trade, leading to a zero return or zero trading volume for that observation. In other words, the absence of trade in a security indicates its degree of illiquidity; the more frequent the absence of trade is, the less liquid the security is. For these illiquid stocks, we use the turnover-adjusted zero-return measure of Liu (2006) as our fourth measure to estimate the trading speed of the illiquidity:
where is the number of zero trading volume days, is the turnover rate in the previous months, is the number of trading days in the previous months, the subscript is the estimation period in months, and is a deflator to ensure that the second term in the square brackets falls in the range of zero to one (not inclusive) for all sample stocks. The last term in Equation (10) is used to adjust the result for comparability with the other illiquidity measures. We use twelve months as the estimate window for this measure. Lesmond, Ogden, and Trzcinka (1999) propose an estimator of transaction costs by estimating the incidence of zero returns. This estimator is based on the assumption that the standard "market model" is correct for pricing securities but is constrained because of the effects of the transaction costs. They describe the relation between the stock "true return" and the market return as:
where is the unobserved true return of stock j on day t, is the sensitivity of stock j to the market return, is the observed market return on day t, and is the information shock on day t. Furthermore, they assume that the marginal informed investors are rational and that they trade only when the excess return of stock j above the market return exceeds the transaction cost. Considering a situation in which trading costs exist for stock j, they define as the seller's transaction cost and as the buyer's transaction cost. Then, the observed return can be represented as:
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Given that only the ex post return of the marginal trade can be observed, all costs encountered by the marginal trader are included in the transaction costs. Thus, the measure of the total round-trip transaction costs, LOT, is defined as the difference in buyers' and sellers' trading costs:
The parameters , , and can be obtained by maximizing the logarithm of the likelihood function.
The last illiquidity proxy we employ is an estimator of the effective spread proposed by Roll (1984) . In general, Roll's measure is defined as the serial covariance of price changes:
where t P is the last observd trade price in year t and is the change operator. Like other liquidity measures, RO is computed based on data from the past year.
Overall, the illiquidity measures used in our study estimate five aspects of liquidity, including the price impact, the trading quantity, the trading cost, the trading speed, and the effective spread. Thus, these illiquidity measures can be representative estimators of the illiquidity of Japanese stocks. Pastor and Stambaugh (2003) , Acharya and Pedersen (2005) , and Korajczyk and Sadka (2008) propose that investors require compensation for bearing liquidity only when the liquidity risk is systematic and persistent. Kim and Lee (2014) estimate the efficiency of the LCAPM in the US stock market using multiple illiquidity measures. To provide comparable results to those of Kim and Lee (2014) and ensure that the liquidity risks computed using all six illiquidity measures are applicable to the Japanese stock market, this analysis begins by constructing the aggregate market illiquidity and its persistence, which is consistent with Kim and Lee's (2014) analysis.
ESTIMATION OF BETAS
Market Aggregate Illiquidity
Many empirical studies, such as those of Amihud and Mendelson (1986) and Kim and Lee (2014) , have proven that illiquidity is higher for smaller stocks and lower for larger stocks. We therefore examine the reliability of these illiquidity measures by comparing the magnitude of illiquidity across groups of different size stocks. Table 1 reports the average of illiquidity and other properties for 25 equally weighted size portfolios. Because about ninety percent of Japanese firms' fiscal years end at the end of March and the prompt reports for these firms are released in May, we rebalance the 25 size portfolios at the end of June every year based on the market value of the equity. In this table, LnMV and BPR are the average natural logarithm of market capitalization and the average book-to-market ratio of stocks in the specified size portfolios, respectively.
The table shows that for ILLIQ, LMx, LOT, and RO, illiquidity roughly decreases as the average stock size increases, which is consistent with our expectation. However, gamma and turnover exhibit fluctuating patterns. In general, portfolios of larger stocks have lower average monthly returns and lower illiquidity levels.
To estimate the differences and commonalities of the illiquidity proxies, we compute the Pearson correlations between the market capitalization and the aggregate market illiquidity. The market capitalization is computed by taking an equally weighted average of the logarithms of the market capitalizations of individual stocks. The market aggregate illiquidity is computed by taking an equally weighted average of the stock illiquidity for the six illiquidity measures. Table 2 reports the results of the Pearson correlation tests among the aggregate market capitalization and aggregate illiquidity measures. We find that, aside from RO, all illiquidity measures are negatively correlated with market capitalization, implying that the higher illiquidity roughly corresponds to smaller firm size. Specifically, this correlation is significant at the 1% level for ILLIQ and LMx and at the 5% level for turnover and LOT. Although the aggregate RO is positively correlated with market capitalization, the estimate is insignificant. We also compute the correlation between RO and market capitalization at the individual firm level as -0.1995, which is significant at the 1% level. Thus, even for RO, higher illiquidity is still associated with smaller firm size. TABLE 2  CORRELATION BETWEEN THE MARKET ILLIQUIDITY  AND THE ILLIQUIDITY MEASURES   lnMV  ILLIQ  Gamma  Turnover  LMx  LOT  ILLIQ  - Moreover, the correlations between the six illiquidity proxies are significant at the 1% level in all cases. Among the six illiquidity proxies, ILLIQ, LOT, LMx, and RO are positively correlated with each other, whereas turnover and gamma are positively correlated with each other but are negatively correlated with the other four illiquidity proxies. The highest positive correlation among the illiquidity proxies is 0.679 for ILLIQ and LOT, and the lowest negative correlation is -0.754 for turnover and LOT. The Pearson correlation test provides an explanation for the different patterns of the six illiquidity proxies in the size-based portfolios. These notable differences motivate our empirical analysis testing the efficiency of the LCAPM using different illiquidity measures.
Illiquidity Innovations
As demonstrated by the previous literature (Pastor and Stambaugh, 2003; Acharya and Pedersen, 2005; Kim and Lee, 2014) , the market aggregation of illiquidity is highly persistent. We compute the first-order autocorrelations of market illiquidity for the six proxies for illiquidity using Japanese stock data. The autocorrelations vary from 0.996 for ILLIQ to 0.744 for gamma. Therefore, we use the innovation of illiquidity, which is the residual term of the autoregressive model, to examine liquidity risk. Because Acharya and Pedersen (2005) and Kim and Lee (2014) use an ex-post AR(2) model to obtain the market illiquidity innovation, we use the same simple model to compute the market return and illiquidity innovations. The autoregressive model we use is given as: Figure 1 plots the time series of the market aggregate illiquidity innovation. However, after checking the autocorrelation and partial autocorrelation plots, we find that AR(2) is not the best fitting time-series model for each individual stock. Following the Box-Jenkins method, we use the autoregressive integrated moving average (ARIMA) model to plot the innovations of illiquidity and of stock returns. The standard ARIMA model is shown as:
where is the lag operator, is the coefficient of the autoregressive part of the model, is the coefficient of the moving average part of the model, and the residual term is the innovation of the illiquidity.
FIGURE 1 TIME-SERIES PLOTS OF INNOVATIONS OF MARKET AGGREGATE ILLIQUIDITY
Estimation of Beta
To provide comparable results to those of Kim and Lee (2014) , we estimate liquidity risk at the portfolio level and use individual stocks as test assets in the regression stage.
The detailed procedure is as follows: 1. We estimate innovations of illiquidity for an individual stock ; innovations of market aggregate illiquidity, ; and innovations of the market return, . 2. We estimate the pre-ranking beta k (k=1,2,3,4) for stock in each month according to Equation (4) using monthly stock returns, innovations of illiquidity, and innovations of the market return within a five-year estimation window. 3. We form ten equally weighted test portfolios sorted by the estimated pre-ranking beta , and we rebalance the portfolios every year. 4. For each test portfolio , we estimate the innovations of illiquidity, . 5. Using these innovations of illiquidity and returns, we estimate the post-ranking beta of portfolio over the sample period using Equation (4). 6. We assign the post-ranking beta to all stocks that belong to portfolio in a given year. 7. When a stock obtains all four liquidity betas, we compute the net liquidity beta using Equation (5). 8. The resulting post-ranking betas of ten equally weighted portfolios sorted by their corresponding pre-ranking betas are presented in Table 3 . We can see rough monotonic patterns in the post-ranking betas of these portfolios. In addition, we estimate the liquidity risk for characteristic-based portfolios and use these portfolios as test assets to construct cross-sectional regressions. 
EMPIRICAL RESULTS
In this section, we study the efficiency of the LCAPM in the Japanese market. We run cross-sectional regressions at both the individual stock level and the characteristic-based portfolio level, and we compare the adjusted R-squared values to evaluate the performance of the LCAPM for different test assets.
Cross-sectional Regressions Using Stock Returns and Post-ranking Betas
Following Acharya and Pederson (2005) and Kim and Lee (2014) , we consider special cases of the relation
where is the expected average monthly illiquidity over the previous twelve months. We also include the log of market capitalization and the log of the book-to-market ratio in the regression to examine the specification of the model (Kim and Lee, 2014) . Both the log of market capitalization and the log of the book-to-market ratio are estimated at the end of June in year t.
To compare our results to those of Kim and Lee (2014) , we first run cross-sectional regressions at the stock level using stock returns and the estimated post-ranking betas. We test the null hypothesis of a zero illiquidity premium against the alternative hypothesis of a positive illiquidity premium. If the LCAPM holds, the intercept of this regression should not be significantly different from zero, whereas the coefficients on the liquidity betas should be significantly different from zero. We use Student's t-test to examine the significance level of the factor : is computed by taking the average of each single cross-sectional regression. Table 4 shows the results for the cross-sectional regression at the stock level.
For the combined LCAPM, which includes liquidity risk as well as size and the book-to-market ratio, the order of the illiquidity proxies from highest to lowest according to the adjusted R-squared is turnover, LOT, ILLIQ, LMx, RO, and gamma. For the single LCAPM, the order of the illiquidity proxies from highest to lowest according to the adjusted R-squared is LOT, turnover, ILLIQ, RO, LMx, and gamma. Comparing the two models, the adjusted R-squared of the combined LCAPM is about two times that of the single LCAPM, which means that size and the book-to-market ratio have substantial explanatory power. The highest adjusted R-squared in Table 4 , that is, 9.1%, occurs in the combined LCAPM, in which the turnover ratio is used as the liquidity proxy and all four liquidity betas are used as independent variables. The second highest adjusted R-squared still occurs with the turnover proxy, which takes the single risk beta 3 as the independent liquidity variable, and is about 8.8%. Because Acharya and Pedersen (2005) show that the collinearity problems between the liquidity risk proxies are severe, we focus more on the regressions that use a single liquidity risk, and we only consider beta 5 as a signal of the existence of liquidity risk. In panels A, B, C, D, and F, beta 5 is significant in combined LCAPM, proving that the liquidity risk is significantly priced in the Japanese stock market, and, thus, that the sources of the liquidity risk need further investigation.
Comparing the single LCAPM and the combined LCAPM, Table 4 shows that the significance levels of transaction costs and liquidity risks increase if market capitalization and the book-to-market ratio are incorporated in the model. Specifically, in the combined LCAPM, beta 2 is significant based on ILLIQ, gamma, turnover rate, LMx, and LOT; beta 3 is significant based on ILLIQ, gamma, the turnover rate and LOT; and beta 4 is significant based on ILLIQ, gamma, and LOT. However, those liquidity betas are seldom significant in the single LCAPM. Thus, we infer that both the market capitalization and the bookto-market ratio are related to the stock return. When we control for the effects of these variables on the stock return, the effects of the liquidity betas become significant, meaning that liquidity risk factors are priced in Japan. Although the single LCAPM does not work well in Japan, the combined LCAPM might work well, and, thus, we suggest that the size and value factor should be considered together when studying the pricing of liquidity risk. To provide detailed evidence, we report regression results for both the single and the combined LCAPM.
In conclusion, different liquidity measures have different explanatory powers and are sensitive to different sources of liquidity risk. However, according to beta 5, we obtain a unified conclusion that liquidity risk is generally significantly priced in the Japanese stock market. We further identify the sources of liquidity risk and find that liquidity risk is sensitive to the liquidity measure. In general, we suggest using the combined LCAPM, Amihud's ILLIQ, the turnover ratio, and Lesmond, Ogden, and Trzcinka's LOT to estimate Japanese stock returns, given the explanatory power of the model and the significances of the liquidity betas. To further verify these results and comprehensively estimate the efficiency of the LCAPM, we run cross-sectional regressions at the portfolio level using a similar process to that used at the stock level. The signs *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. Note: The coefficients on beta 2 and beta 4 in Panel B are divided by one thousand, the coefficients on beta 2 in Panel E are divided by one million, and the coefficients on beta 3 and beta 4 are divided by one thousand.
Cross-sectional Regressions at the Portfolio Level
In this subsection, we run monthly cross-sectional regressions using characteristic portfolios as test assets. We consider ten size portfolios, ten size and book-to-market (size-B/M) portfolios, and ten illiquidity portfolios sorted by each illiquidity proxy. Each portfolio is rebalanced annually. For the size and size-B/M portfolios, we estimate the liquidity beta using portfolio returns and innovations of illiquidity for each illiquidity proxy. For the illiquidity portfolios, we estimate the illiquidity betas using portfolio returns and the innovations of illiquidity for the corresponding illiquidity proxy.
To sum up, the pricing of liquidity risk varies across illiquidity measures and test assets. We do not report the detailed table to conserve space. However, we find some uniform conclusions. First, the liquidity risk estimated by gamma has the lowest explanatory power in the model, which is consistent with the regressions at the stock level. Second, market capitalization and the book-to-market ratio have significant impacts on the pricing of liquidity risk. Third, no liquidity betas can be priced in liquidity portfolios. Given the sensitivity of the results to the test portfolio (Brennan et al., 1998; Berk, 2000) , we mainly focus on the tests based on individual stocks as test assets. Korajczyk and Sadka (2008) find the existence of a common component across different measures of liquidity using the PCA framework. They show that this systematic common component is accompanied by a significant liquidity premium, whereas the measure-specific liquidity is not. In this subsection, we extract common components from the six illiquidity measures using the PCA framework and then repeat the cross-sectional regressions test based on these common components. Figure 2 shows the eigenvalues of the six principal components as well as their cumulative proportions. The principal components are computed based on the covariance matrix of the six illiquidity measures. The bar chart corresponds to the proportion of each principal component and is measured on the left axis. The line graph is the cumulative proportion and is measured on the right axis. According to Figure 2 , the first two principal components can explain 54.55% of the variation across all illiquidity proxies, proving the existence of systematic and common components of the illiquidity measures.
Cross-sectional Regressions Based on Principal Component Analysis
We also estimate the Pearson correlations between the principal components and the six illiquidity proxies, as shown in Table 5 . The results indicate that different components may emphasize different aspects of illiquidity. For example, the first component is highly correlated with LOT and ILLIQ, which focus on the trading cost and the price impact, respectively. The second component is highly correlated with turnover and, thus, tends to estimate the trading quantity of the security. All results are significant at the 1% level. Figure 3 shows the scree plot of the eigenvalues of principal components. This parallel analysis suggests using the first two components to represent the original illiquidity measures. Thus, we combine the first two principal components as a new measure of illiquidity and infer that the trading cost, the price impact, and the trading quantity are the most important liquidity dimensions in the Japanese stock market. This inference is consistent with the results of cross-sectional regressions at the stock level.
Based on the first two principal components across the six illiquidity measures, we compute the liquidity betas of the individual stocks using the procedure described in Section 4.3. Subsequently, we construct portfolios sorted by these new pre-ranking betas and compute post-ranking betas of these new portfolios. Table 6 shows the result of post-ranking betas of these ten equally weighted portfolios. Finally, we assign these post-ranking betas to corresponding individual stocks and again run cross-sectional regressions using the individual stocks as test assets. The signs *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively. Table 7 shows the cross-sectional results at the individual stock level under the condition that all liquidity-related values are estimated based on principal components. When the market capitalization and book-to-market ratio are incorporated in the model, the intercept is not statistically different from zero, proving the efficiency of the combined LCAPM. However, we find no evidence to support the size effect in the Japanese stock market, as all coefficients on market capitalization are insignificant. The value effect is strongly supported given the significant coefficients in all regressions. Moreover, the coefficients on and on beta 1 are all significant at the 1% level in both the combined LCAPM and the single LCAPM. This result shows that the illiquidity and the liquidity-adjusted market risk are indispensable when considering the asset pricing model.
FIGURE 3 SCREE PLOT OF THE EIGENVALUES OF PRINCIPAL COMPONENTS
In addition to the traditional trading cost, the liquidity risk caused by the comovement of an individual security and the whole market is worth studying. Specifically, the coefficients on beta 3 are significant at the 1% level in all regressions, and those on beta 4 are significant at the 1% level in the combined LCAPM. This result demonstrates that the liquidity risk is priced beyond the level of illiquidity and the traditional market risk. We find that beta 2 and beta 5 are significant in most regressions based on a single illiquidity proxy but are insignificant in regressions based on principal components likely because the principal components have high correlations with RO and LOT, and beta 2 and beta 5 are not significant in the regressions based on RO and LOT, respectively. Thus, in regressions using the principal component as an illiquidity proxy, beta 2 and beta 5 are insignificant.
Furthermore, we find that the combined LCAPM that considers all four liquidity risks has the highest explanatory power (10.1%) for stock returns, and this result is 1% higher than the highest adjusted Rsquared value for the regressions based on single illiquidity measures. As explained by Kim and Lee (2014) , the model improves slightly when using principal components rather than a single illiquidity measure.
In summary, our finding suggests that when studying the pricing of liquidity risk, using principal components is superior to using a single illiquidity measure in terms of the R-squared values for cross-sectional returns and p-values in specification tests. Another benefit of using principal components is that allows for unified liquidity risk conclusions. When using a PCA-based illiquidity proxy, the liquidity risk caused by the comovement of a security's price and the market liquidity and that caused by the covariance between a security's illiquidity and the market return are worthy of focus. However, when using a single illiquidity measure, we suggest choosing the turnover ratio, ILLIQ, or LOT, which focus on the trading quantity, the price impact, and the trading cost, respectively, to estimate Japanese stock liquidity in view of the significant coefficients and explanatory powers of the regressions and their high correlations with principal components.
CONCLUSION
In this study, we analyze the fitness of the LCAPM using different illiquidity proxies and different test assets. Following Kim and Lee (2014) , we first run cross-sectional regressions at the stock level. The adjusted R-squared values range from 3.0% to 4.8% in regressions using the single LCAPM and from 7.5% to 9.1% in regressions using not only liquidity risk factors but also the market capitalization and the book-to-market ratio. We suggest that the size and value effect should be considered together when studying the pricing of liquidity risk because doing so increases the significance levels of transaction costs and liquidity risks. At the individual stock level, the expected liquidity cost, the book-to-market ratio, the commonality liquidity risk (beta 2), the liquidity risk caused by the covariation between an asset's return and the market liquidity (beta 3), and the liquidity risk caused by the covariation between the security's illiquidity and the market return (beta 4) are significantly priced, although the explanatory powers and liquidity risks are sensitive to the illiquidity measures. Specifically, Amihud's ILLIQ, the turnover ratio, and Lesmond, Ogden, and Trzcinka's LOT perform the best among six illiquidity measures.
We then run regressions using size portfolios, size-B/M portfolios, and illiquidity portfolios as test assets. The pricing of liquidity risk varies across the illiquidity measures and test portfolios in most cases. However, the conclusion that the liquidity risk estimated using gamma has the lowest explanatory power is generally tenable. Consistent with previous studies, we also verify that the liquidity risk is not priced in liquidity portfolios.
Given the sensitivity of the results based on test portfolios, we mainly focus on the results using individual stocks as test assets, and we repeat the cross-sectional regressions using a PCA-based measure of illiquidity. The results demonstrate the efficiency of the LCAPM, as the intercept is not statistically different from zero when the market capitalization and the book-to-market ratio are incorporated in the model. Moreover, we find that the traditional illiquidity and the liquidity-adjusted market risk are indispensable when considering the asset pricing model. In addition to the trading cost, the liquidity risk caused by the comovement of a security's price and the market liquidity (beta 3) and that caused by the covariance between the security's illiquidity and the market return (beta 4) are priced as well. This result demonstrates that the liquidity risk is priced beyond the level of illiquidity and the traditional market risk.
Furthermore, we find that the combined LCAPM that considers all four liquidity risks has the highest explanatory power (10.1%) for stock returns, and this result is about 1% higher than the highest adjusted R-squared value for the regressions based on single illiquidity measure. Thus, our study suggests that when analyzing the pricing of liquidity risk, using principal components is superior to using a single illiquidity measure in terms of the R-squared value for cross-sectional returns and p-values in specification tests. However, when using a single illiquidity measure, we suggest using the turnover ratio, ILLIQ, or LOT, which focusing on the trading quantity, the price impact, and the trading cost, respectively, to estimate Japanese stock liquidity, in view of the significant coefficients and explanatory powers of the regressions and their high correlations with principal components.
This study has a few important limitations. First, we do not consider variations in the asset holding period. By using monthly variables, we implicitly assume that the holding period for a sample asset is one year. In addition, we do not take into account the influence of the bursting of the Japanese asset price bubble in 1990 or that of the launching of the arrowhead trading system in the Tokyo Stock Exchange in 2010. When suggesting the illiquidity proxies for the principal component analysis, we just consider the correlations between liquidity measures and principal components. However, the principal components' coverage of the illiquidity measures and the tendencies of the liquidity dimensions should be further investigated to help discover a representative illiquidity measure and to strengthen the conclusions regarding liquidity pricing. Finally, we do not compare the performance of the LCAPM to those of other popular asset pricing models, such as Carhart's (1997) four factor model and Fama and French's (2015) five factor model. We think that comparing these asset pricing models could aid in understanding the correlations among the risk factors and finding the most suitable pricing model for the Japanese stock market. Thus, investigating liquidity risk in different holding periods and different sample periods, analyzing the representative PCA-based illiquidity proxies, and considering liquidity risk's interrelationships with other factors may be worthwhile directions for future studies. 
